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Methods for the Analysis of Protein Fluorescence Spectra

Protein fluorescence
Proteins are the most extensively studied naturally fluorescent molecules. There are three emitting residues in proteins: tryptophan (Trp), tyrosine (Tyr) and phenylalanine (Phe). The illumination of proteins at wavelengths 295-305 nm allows for the selective excitation of mostly Trp residues. The fluorescence parameters of tryptophan residues, in contrast to tyrosine and phenylalanine residues, are sensitive to the environment. The main reason for this is the large redistribution of electron density in the asymmetric indole ring of the Trp residue ( Figure 2 ) after the excitation of photons, while practically no redistribution occurs in Tyr and Phe symmetric rings [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . Quantum-mechanical studies showed that much electron density is lost from the N 1 and C atoms and is deposited at the C 3 , C 2 , and C 2 atoms of the indole ring during excitation (10 -15 sec) in the main fluorescent state 1 L a [11] [12] . This leads to a large increase in the indole dipole moment in the excited 1 L a state compared with the ground state (by up to >10 D in water) and creates a local non-equilibrium in the surrounding Trp environment [3, 5, 11, [13] [14] [15] . Depending on the structural properties of the environment of tryptophan residues in proteins, various interactions between atoms of the indole ring and protein atoms, and/or water molecules, could occur during the lifetime of the excited state (picoand nano-seconds). These interactions affect the fluorescence properties, including the position of maximum of the fluorescence spectrum, which we will discuss here. 
Complex nature of protein fluorescence spectra
One of the major obstacles in the analysis of fluorescence data lies in the complex nature of protein fluorescence. The overwhelming majority of proteins contain more than one fluorophore and therefore exhibit smooth spectra that contain more than one component. The multicomponent nature of protein spectra makes their unequivocal interpretation difficult. Mathematically, the problem of decomposition of fluorescence spectrum into elementary components is an inverse ill-posed problem -problems of this class are common in spectral and image analysis [16] [17] [18] [19] [20] . It is necessary to determine the parameters of the spectral components from the overall experimental spectrum, where the components are indirectly manifested. In general, the solution of problems of this class is unstable against slight variations in the input data (noise). Since the real input data are only known approximately (i.e., with some experimental error), this instability results in an inevitable ambiguity of the solutions. However, a stable solution can often be found by integrating additional information (constraints) that effectively reduces the complexity of the problem [16, [21] [22] ].
Decomposition algorithms
In this section we will briefly mention two methods for the decomposition of steady-state fluorescence spectra. The first approach implements the time-domain [23] [24] [25] or frequency-domain methods [26] [27] [28] for the resolution of fluorescence spectra. The methods are based on the fluorescence lifetime measurements, which are in general more complicated than steady-state experiments.
The second approach implements an iterative non-linear-squares analysis of Stern-Volmer quenching plots [20, [29] [30] [31] [32] . The method is based on the fact that the fluorescence of tryptophan residues can be quenched by external quencher molecules, such as acrylamide, iodide and cesium ions [33] [34] [35] [36] [37] . The probability of fluorescence quenching depends on the rate of collision of the quencher and fluorophores (dynamic quenching). Thus, the emission of tryptophan fluorophores located on the surface of the protein is expected to be quenched more effectively than the fluorescence of the Trp residues buried in the protein matrix, where the quencher has limited access. The dependence of the emission intensity on the quencher concentration [c] is given by the well-known Stern-Volmer equation:
where F 0 , F is the fluorescence intensity and  0 ,  is the lifetime in the absence and presence of the quencher, respectively; and K sv is the Stern-Volmer constant. The significant limitation of this method lies in the fact that it can only resolve a spectrum into two components, corresponding to two classes of tryptophan residues (exposed and buried), while reality might be much more complicated.
Log-normal function for describing spectral curves
The decomposition methods described above do not employ any analytical descriptions of the spectral curves. There were many attempts to describe spectral components by using various mathematical functions [38] [39] [40] [41] . The quadric-parametric (maximal amplitude, I m , position of the maximum,  m , and positions of half-maximal amplitudes,   and  + ; Figure 3 ) log-normal function originally proposed by Siano and Metzler [38] , was found to be one of the best functions for describing absorption spectra of complex molecules with a minimal number of variable parameters [39] [40] [41] [42] [43] . The log-normal function used in its mirror-symmetric form has been shown to accurately describe fluorescence spectra as well [44] [45] [46] [47] and can be written as:
where I m is the maximal intensity;  is the current wavenumber;  is the band asymmetry parameter and a is the function limiting point position ( Figure 3) : Despite the fact that the log-normal function describes the shape of fluorescence spectra very well, it is not of any practical use in decomposition algorithms, since it has too many variable parameters (seven or eleven unknown parameters for two-or three-component solutions, respectively).
Estimating so many parameters would lead to unstable solutions. Thus, an extremely important result was obtained by Burstein and Emelyanenko [44] , who experimentally established the existence of linear relationships between the positions of maximal ( m ) and two half-maximal amplitudes (  and  + ) for a large series of monocomponent spectra of small tryptophan derivatives in various solvents:
These relations allow a reduction in the number of unknown parameters for individual spectral component from four (I m ,  m ,   ,  + ) to two (I m ,  m ) (three or five unknown parameters for two-or three-component solutions, respectively). Such a significant reduction in the number of parameters makes decomposition analysis much less ambiguous [48] . By implementing this additional information (constraints) and using the log-normal function to describe the spectral components, two mathematically different algorithms for the decomposition of fluorescence spectra were developed: SIMS -SImple fitting procedure using the root-Mean-Square criterion, which is based on the minimal least-square approach, and PHREQ -PHase-plot-based REsolution using Quenchers that uses an analytical pseudo-graphic solving technique [45] . Later, the linear relations between the position of maximum and the width of spectra were established for environment sensitive fluorophores Prodan and Acrylodan [47] .
SIMS and PHREQ decomposition algorithms
Several constraints were implemented into the SIMS and PHEQ decomposition algorithms, which reduced the complexity of the problem. Thus, stable solutions could be derived with an error not exceeding the experimental one [45] . The implemented constraints are:
1) The spectrum of an elementary component on the frequency (wave number) scale is described by a bi-parametric (maximal amplitude and position of the maximum) log-normal function (Equation 2 and 3). 2) The shape and position of the tryptophan emission spectra remain unchanged by quenching of the fluorescence by small water-soluble quenchers [34] [35] . Thus, a series of spectra measured at various quencher concentrations represents a sum of spectral components whose position and shape are constant at all quencher concentrations, while the relative spectral contributions (intensities) are changed. This allows the analysis of all spectra measured at different concentrations of quencher in a global mode. . Since under different concentrations of the quenchers, the position and shape of the spectral components remain unchanged, while the relative contributions of the components change, the experimental spectra can be written as:
where i = 1, ..., N is the number of spectra corresponding to the i-th quencher concentration, c(i); j = 1, ..., M is the number of current frequency (wavenumber), (j); k = 1, ..., L is the number of component determined by the position of its spectral maximum,  m (k); F(i, j) is the experimental intensity of fluorescence on the wavenumber scale in the i-th spectrum at the j-th frequency (j); (k, j) is the value of the log-normal function (Equations 2 and 3) with a position of the maximum at  m (k) at current frequency (j) with unit maximal amplitude (at given k and j, this value is the same for The PHREQ method is based on the fact that any physical parameter could be used to characterize the transition from one physical state (A) to another (B). To estimate the contribution of the
components in the mixture of A and B, the physical parameters should be linearly related to the extent of transition completing:
For the decomposition of fluorescence spectra, the "physical" state is constituted by the position and shape of the spectral components, which remain unchanged under the different concentrations of fluorescence quenchers. The total spectrum could be considered as a sum of two spectral components and values of the intensities of spectral components F(i,j) measured at different wavenumbers will represent physical parameters. Added quenchers perturb the "spectral" state, i.e. change the ratios of component contributions. The spectra measured at various quencher concentrations are represented by points on the linear track on a quasi phase-plane ( Figure 5) . Thus, the phase-plot can be used for estimating the main parameters of the two-component spectrum, i.e. the positions of the maximum of the spectral components and their relative contributions f and Figure 5 . Representation of the fluorescence spectra measured at different concentration of quenchers as points on the quasi-phase plane. The curve "pure" Log-N corresponds to all possible elementary log-normal functions.
The main limitation of the PHREQ algorithm is that it can only decompose a spectrum into two components. If the correct solution has indeed two-components, the results of the PHREQ analysis correlate with high accuracy to the results obtained by the SIMS algorithm.
The fact that individual components in the protein fluorescence spectra are very broad and mutually overlapped, poses severe limitations on the procedures that can be used for searching for a functional minimum. Attempts to use fast fitting methods revealed a strong dependence of the solutions on the initial conditions. Therefore, the  m values are exhaustively enumerated (with successively diminishing steps from ca. 8 nm down to 0.1 nm) to find the global minimum in SIMS and PHREQ methods. This procedure does not significantly increase computational time since the space of searched parameters is limited (because the possible position of the maximum of the tryptophan fluorescence spectrum can only lie between 305 to 355 nm, and it is difficult to perform spectral measurements with precision higher than 0.1-0.2 nm). Moreover, exhaustive search obviates the need to set any arbitrary initial conditions, which often leads to an erroneous result when solving the ill-posed problem [50] . It is also important to note that since the width of the spectral component is predetermined by the position of its maximum (Equation 3), the goodness-of-fit is reduced significantly when unnecessary components are included in the model.
Accuracy of decomposition algorithms
In order to test how various factors might affect the accuracy of the solution, a series of decompositions were carried out for simulated spectra [45] . Among varied factors were: number of spectra (N) with various "quencher concentrations"; number of points in each spectrum (M); randomly introduced noise, (S, %); distance between positions of maximum of spectral components ( max , nm); ratio of Stern-Volmer constants, and contribution of a component in the total spectrum. The quality of the solution was evaluated by the deviation of initial positions of component maxima from those obtained as a result of spectra decomposition (, nm). It was found that the decomposition methods provide an acceptable level of accuracy ( < 1 nm and < 1.5 nm for the two-component and threecomponent solutions, respectively) in case of S = 0.5 -1.5%; N = 3 -10; M = 10 -20;  max > 7 nm; and contribution of an individual component in a range of 10 -90% -conditions of a typical experimental set up.
In addition to validation of the decomposition algorithms, it is extremely important to know that the spectral components indeed correspond to the fluorescence of individual fluorophores. As already mentioned, the problem of data deconvolution is very typical in biophysical sciences. However, in the majority of cases it is not clear whether the obtained components have any physical meaning. Therefore, very important studies were carried with two proteins i) outer envelope protein 16, OEP16 and ii) Eosinophil Cationic Protein, ECP. Both proteins contain two tryptophan residues located in different parts of the protein molecules. Two single-tryptophan mutants were generated for each protein. Steady-state fluorescence spectra of wild-type and single-tryptophan mutants were recorded and decomposition analysis was applied [51, 52] . The spectral components revealed by the decomposition of the fluorescence spectra of the wild-type proteins were strongly correlated with the position of the maximum of the single-tryptophan-containing mutants.
The decomposition methods were tested on model compounds and single-tryptophan containing proteins and applied for the deconvolution of the fluorescence spectra of more than 150 proteins [46, 53] . The application of the decomposition algorithms was successfully extended for the analysis of fluorescence spectra of Acrylodan and Prodan [47] .
Algorithm for the Analysis of Structural Properties of Environment of Tryptophan Residues from Atomic Structures of Proteins
The methods of spectral analysis allow extraction of the fluorescence properties of individual tryptophan residues, thus creating an opportunity to investigate the spectral-structural relationship. More than 35 years ago the first attempts were made to reveal a correlation between fluorescence parameters and structural characteristics of the tryptophan fluorophore's environment based on the atomic structures of several proteins [54] [55] [56] . Since then rapid progress in X-ray crystallography and NMR spectroscopy methods have led to an increase in the number of works where the measured fluorescence properties of individual proteins were analyzed in relation to structural features [57] [58] [59] [60] [61] [62] [63] [64] [65] [66] . A number of databases and algorithms were proposed for calculating different structural and physical characteristics of individual residues in proteins [67] [68] [69] [70] [71] [72] [73] .
Here we present the major aspects of an algorithm for the calculation of structural properties of the environment of tryptophan residues derived from the atomic structures data contained in the Protein Data Bank (PDB) [46, 53] . The specially created program identifies and characterizes the environment of tryptophan residues in proteins. All protein atoms and water molecules located at distance of 7.5 Å from the indole atoms are considered as belonging to the tryptophan fluorophore environment. To analyze the location and orientation of the neighbor protein, or structure-defined solvent groups, a spherical system of coordinates is centered in turn on each of nine atoms of the indole ring of the Trp residue. Potential hydrogen bond donors and acceptors are revealed from the neighboring polar groups around the indole atoms according to the geometric criteria of hydrogen bonds [74] . The program calculates a number of structural parameters such as the accessibility of each atom of the indole ring, and the whole tryptophan residue to the solvent; the packing density and polarity around the tryptophan; the relative flexibility of the environment (based on the information of crystallographic Bfactor); the "dynamic accessibility", which takes into account both flexibility of water molecules and orientation of charged residues near the Trp; and probability of the excitation energy homo-transfer using the Förster equation (for more details see [53] ).
Correlation between Spectral and Structural Properties of Tryptophan Residues
Decomposition algorithms can be applied to reveal spectral properties of individual tryptophan fluorophores. Structural parameters of an individual tryptophan's environment can be calculated from the atomic structures of proteins. The final task is to assign spectral components to individual tryptophan residues or clusters of tryptophans located close to each other. This is a problem of classification in multi-dimensional space of different kind of parameters. To address this question, the statistical methods of multivariate analysis are applied.
Statistical classification approaches
There are two main approaches for multivariate data analysis: unsupervised and supervised learning algorithms. For unsupervised learning no prior knowledge about the mathematical structure of the data is assumed. Instead of a-priori assumptions, analytical approaches are used that develop understanding of the underlying structure present in the data (such as the number of clusters, distinct classes, or independent latent vectors). In the case of supervised learning, prior knowledge is used that assigns each sample to a known class or value. The known classes or values are then used to train models and perform prediction.
For high dimensional data, where the number of variables often exceeds the number of observations, both unsupervised and supervised learning are typically performed after reducing the dimension. The amount of dimension reduction possible without significantly reducing the information content is directly related to the amount of structure in the data. If the raw data contain many redundant or highly correlated variables, significant dimension reduction can occur with virtually no loss of information. Contrariwise, if the predictor variables are nearly orthogonal, no dimension reduction is possible at all. Classical methods of dimension reduction include principal components analysis, linear discriminant analysis and multidimensional scaling. Recently developed nonlinear dimension reduction methods such as spectral clustering, isometric mapping , locally linear embedding and others usually outperform the classical methods for dimension reduction, since they are no longer based solely on linear combinations of the variables, and allow for dissimilarities in clusters based on other than simple Euclidean metrics. For example, in the study by Lee et al. [75] the discriminatory power of two supervised classifiers (support vector machines and C4.5 decision trees) was assessed after applying both linear and nonlinear dimension reduction techniques. The results demonstrated that the nonlinear dimension reduction techniques significantly improved both classification accuracy and cluster metrics of the analyzed data.
Classification of tryptophan residues
Both unsupervised and supervised classification methods were implemented for the analysis of the set of structural parameters of the microenvironment of tryptophan residues in proteins [53] . The analysis of the frequency of occurrence of maximum positions of spectral components obtained by the decomposition of tryptophan fluorescence spectra of more than 160 proteins revealed the existence of five discrete spectral classes of emitting tryptophan residues (Table 1, first row) [46] . The spectral classes represent the most probable positions of emission of tryptophan fluorophores in proteins. An unsupervised approach of hierarchical clustering was applied to the set of structural parameters. The clusters derived from the classification of tryptophan residues in general correlate well with the spectral classes. However, the model was based on the equal contributions (equal weights) of all structural parameters. To reveal the unique role (weight) of each structural parameter in the discrimination of tryptophan residues among classes, and to develop a model for assigning new tryptophan residues to spectral-structural classes based on the set of structural parameters, stepwise canonical discriminant analysis, a supervised learning algorithm, was applied. It tests the differences between the means of classes (in other words discriminates objects among classes) and evaluates all variables (structural parameters) to find those that significantly contribute to the discrimination. A total variance-covariance matrix as well as a pooled-within-group variance-covariance matrix were computed for the investigated structural parameters and compared via multivariate F tests. As a result, a reduced set of six parameters (see Table 1 ) were revealed to be statistically significant and correlative to the spectral classes.
For the assignment of tryptophan residues to spectral components two canonical variables (canonical coordinates or in other words, discriminant functions, or Roots) were revealed, which provide the best discrimination between classes. These canonical coordinates are linear combinations of six structural parameters with different weights. The assignment of tryptophan residue to classes was performed in phase-space of canonical coordinates by using the Mahalanobis distance metric. The output of the discriminant analysis includes calculation of i) classification scores and ii) probabilities of class assignment for each tryptophan residue [53, 76] . Figure 6 is an illustration of the discrimination of 137 tryptophan residues from 48 proteins into five classes, projected onto two canonical coordinates (Root 3 vs. Root 1) (figure is taken from [53] ). * The detailed description of structural parameters calculations could be found in [46] .
The training data set is a key element for successful classification and discrimination. The ability of discriminant functions to successfully classify future samples is very dependent on the use of an adequate training set. If future samples arrive that lie outside of the canonical space spanned by the training set, very poor classification may result, since such samples contain structural parameter data unlike any seen when the discriminant function was derived. In many cases, it is very difficult or even impossible to construct a training set a priori, which is a significant limitation in the discriminant analysis method. The training dataset that was used for this work consisted of the structural parameters of tryptophan residues of proteins containing no more than four Trps, for which the assignment of tryptophan residues to spectral components was obvious and straightforward [53, 76] . 
Accuracy of statistical analysis
The major goal of statistical approaches is to establish correlation between spectroscopic and structural parameters. Figure 7 [53] illustrates the correlation between values of Root 1, which is a combination of six microenvironment parameters, and maximum positions of spectral components. The plot shows that fluorophores belonging to various structural classes revealed by statistical methods, have different values of spectral properties. Figure 8 [53] is another representation of the correlative nature of spectral and structural parameters). Cluster analysis applied to the calculated canonical variates shows discrimination of tryptophan residues between four distinct classes (Class A consists of one object, and therefore could not be identified as an individual class by cluster analysis approach). Tryptophan residues belonging to the same class have similar spectral properties (the mean values of the position of maximum of tryptophan residues for each class are presented in the figure) . To test the classification results obtained using the full set of fluorophores, discriminant analysis was applied to the tryptophan residues belonging to pairs of neighboring classes in turn. The obtained results confirmed the classifications obtained using the full set of tryptophan residues [53] . 
Model of discrete classes of tryptophan residues in proteins
Canonical discriminant analysis was applied to establish correlation between spectral and structural classes of tryptophan residues. The resulting model suggests the existence of discrete spectralstructural classes of emitting tryptophan fluorophores in proteins, which assumes that various processes might occur in the excited state of the tryptophan fluorophores belonging to five different classes, and as a result different spectral responses can be observed [53, 76] :
Class A ( m = 308 nm, structured spectra) -these fluorophores do not form hydrogen-bound complexes in the excited state (no exciplexes) with the solvent or neighboring protein groups; they are deeply buried into the protein matrix and are located in non-polar (mainly carbon atoms), non-flexible protein environments. The tryptophan residues of class A are separated from other classes mainly by parameters polarity and flexibility of microenvironment.
Class S ( m = 316 nm, structured spectra) includes buried tryptophan residues that can form the exciplexes with 1:1 stoichiometry. The major difference between fluorophores of classes A and S is that the latter one has higher relative polarity and flexibility of the microenvironment. Class III ( m = 350 -353 nm,  = 59 -61 nm) contains fully exposed fluorophores surrounded by the highly mobile free water molecules, the time of dipole relaxation is in the femto-, pico-second range. This makes their spectra almost coinciding with those of free tryptophan residues in water.
Examples of Application of Spectral and Structural Algorithms for the Study of Protein Structure, Conformation and Dynamics
Classification of spectral and structural parameters of tryptophan residues in proteins within five discrete classes (presented above) are already accepted and widely used [78] [79] [80] [81] [82] [83] [84] [85] [86] . Here we would like to provide several examples of the application of our algorithms in the study of protein structure and dynamics.
Spectral and structural analysis was applied to investigate conformational changes of 20S proteasome of rat natural killer cells induced by mono and divalent cations [87] . It was found that the emission of Trp13 (one of 19 tryptophan residues in protein) from α6 subunit located near the cluster of highly conserved proteasome residues is mostly sensitive to the activation of the enzyme. It was concluded that the expression of maximal chymotrypsin-like activity of 20S proteasome is associated with the conformational changes that occur in this cluster, and that leads to the proteasome open conformation, allowing substrate access into the proteolytic chamber.
Analysis of fluorescence spectra of isoforms of recombinant rat nucleoside diphosphate kinase (NDPK), which catalyze the transfer of -phosphate from nucleoside triphosphates to nucleoside diphosphates, revealed an unusual fluorescence (extremely high quantum yield) in NDPK alpha. This fluorescence was associated with tyrosinate formation in the active center of the alpha enzyme crucial for the activity of the protein [88] . Spectral and structural analysis were used to probe interactions of peptides and proteins with the lipid bilayer of membrane [51] [52] [89] [90] .
Web-based tool PFAST: Protein Fluorescence And Structural Toolkit
The SIMS and PHREQ spectral decomposition methods, and algorithms for calculating structural parameters of the local tryptophan environment in proteins, which are then used for Trp classification; have been integrated into a web-based toolkit PFAST: Protein Fluorescence and Structural Toolkit (http://pfast.phys.uri.edu/) [76] . PFAST contains three modules: 1) FCAT is a fluorescence-correlation analysis tool, which decomposes protein fluorescence spectra to reveal the spectral components of individual tryptophan residues or groups of tryptophan residues located close to each other, and assigns spectral components to one of five spectral-structural classes. 2) SCAT is a structuralcorrelation analysis tool for the calculation of the structural parameters of the environment of tryptophan residues from the atomic structures of the proteins from the PDB, and for the assignment of tryptophan residues to one of five spectral-structural classes.
3) The last module is a PFAST database that contains protein fluorescence and structural data obtained from results of the FCAT and SCAT analyses.
Future Direction
The successful application of tryptophan fluorescence spectroscopy in studies of protein structure depends on our ability to extract as much structural information as possible from the spectral data. Therefore, it is important to explore and expand the list of structural parameters which might correlate with various spectral properties, including lifetime of fluorescence and anisotropy. The other significant improvement in correlation of the spectral properties with the structural parameters might come as a result of implementation of modern machine learning approaches, which are well suited for systems with high levels of noise.
